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 Water distribution networks are infrastructural systems designed for providing potable 
water to consumers. In these last decades, the importance of assessing and identifying 
emerging leakages has become a primary issue, because of the high level of water loss 
characterizing such systems worldwide. In this paper, a new approach aimed at the prompt 
localization of leakages occurring in water distribution systems is introduced. The 
methodology relies on the analysis of real-time pressure measurements and on Complex 
Networks Theory. Starting from a collection of nodes representing the locations of pressure 
sensors, links of a virtual, complex network are created on the basis of the values assumed 
by correlation coefficients between pressure measurements: if such values are above a 
given threshold, relevant nodes are considered to be connected to each other. In this way, 
information about the structure and topology of the complex network is easily derived. In 
particular, the degree centrality of the nodes is a key parameter allowing to identify the 
position of a leakage. The paper first analyzes a well-known literature example, and then 










Water distribution systems (WDSs) are strategic 
infrastructures for the transport and the delivery of potable water 
to various types of customers [1]. However, the deterioration of 
ageing components (especially pipes and pumps), the rapid growth 
of urbanization and the statutory and contractual quality standards 
that have to be guaranteed to customers are playing a fundamental 
role in the decision-making process, especially for the increasing 
costs due to the operational management. In particular, water loss 
is a widespread problem in all the countries of the world: for a well-
managed and controlled WDS, the level of water leakage can be 
less than 10% [2], but percentages of 40-50% are not uncommon 
even in developed countries [3,4]. 
Water utilities have to continuously monitor and control the 
functioning of the system: besides financial aspects and issues 
related to the interruption of service, energetic costs and 
environmental impacts are a major concern, making water loss 
identification and reduction one of the most challenging tasks [5].  
In this paper, a new approach for the early identification of 
emerging leakages in a WDS is presented. The novelty of the 
methodology resides in the analysis of pressure measurements 
through Complex Networks Theory [6]. The reliability of the 
method increases with the number of installed pressure gages, up 
to the ideal situation of having one sensor at every node of the 
WDS. 
In this work, the assumption that pressure data are available at 
every junction of the system is made (a simulation model has 
actually been used in order to calculate them). In a real situation, 
such signals arrive from pressure gages properly installed in the 
field, and correlations between them should provide the 
information about the emergence of leakages to be detected. The 
aim of the study is to show the capability of the methodology of 
localizing a leakage since its first formation, provided the above 
hypotheses are satisfied. However, the methodology is still 
valuable even in real cases, characterized by a limited amount of 
measure points: in such situations, the zone with the most likely 
presence of a leakage can be identified. 
Anyway, the proposed approach does not intend to solve the 
problem of precisely localizing a leakage in a real WDS. Instead, 
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the methodology represents a valuable alternative to other 
prelocalization techniques, or a useful tool to be adopted in 
conjunction with other approaches. 
The rest of the paper is organized as follows: section 2 contains 
a literature review, section 3 describes the methodology, which is 
applied to a literature system in section 4; section 5 shows the 
results obtained from the application to a real WDS, and section 6 
draws some concluding remarks. 
2. Literature Review 
Leakages in WDSs are usually classified into two main 
categories [7]: bursts, which are characterized by sudden activation 
and high flows, and background leakages, which do not surface 
and are low, background flows that can persist for years without 
being detected. 
Since bursts can be identified by instrumentation (sometimes 
they are visible on the ground), they are repaired in a short period 
of time, leading to a small amount of water lost. In this context, 
several technologies are available: step-tests, noise correlators, 
gas-injections, acoustic sensing through conduit pigging, and 
others: see [8] for a review. 
Instead, background leakages can determine huge volumes of 
water lost, unless some dedicated leakage identification and 
repairing activities are performed. In these last years, many water 
utilities have implemented pressure management, an approach 
consisting in the introduction and regulation of some pressure 
reducing valves (PRVs) with the aim to control the piezometric 
surface. The selective reduction of pressure in a WDS (typically 
during the nighttime) may result in considerable water and energy 
savings [9,10]. 
Other approaches rely on proactive identification of water 
leakages, in order to keep the level of water loss always under 
control. To this end, District Metered Areas (DMAs) are created, 
consisting in the subdivision of a WDS in continuously monitored 
portions [11]. The installed instruments (flow and pressure gages) 
allow to provide a nearly real-time estimation of water loss on a 
24-hour basis, by analyzing the minimum night flow (MNF) 
occurring in the lowest consumption interval, that is, between 2:00 
a.m and 4:00 a.m.. Such minimum demand conditions determine 
the maximum values of pressure in the system, and hence the 
highest values of leakage. 
A totally different approach relies on transient methods, 
consisting in high-frequency analysis of pressures transients in a 
WDS after some surge has been created [12]. Others rely on a 
transient network simulation model, usually very difficult to 
calibrate [13]. 
In these last years, the rapid improvement in sensor technology 
and in data transfer and communication systems has greatly 
enhanced the activity of real-time control of water losses, although 
many problems remain unsolved: first of all, the possibility of 
identifying a leakage since its first formation [14]. 
Several researchers have been focused on the comparison 
between actual field measurements and the results obtained by a 
calibrated numerical model [15–17]. In such cases, the key-point 
is the level of accuracy of the simulation model, which can hardly 
be optimal, since it should also contain information on the leakages 
to be discovered. In particular [18] have introduced a methodology 
for leak-detection and localization coupled with demand 
calibration. 
More recently, Complex Networks Theory (CNT) has received 
increasing attention for the comprehension of a wide spectrum of 
real systems, ranging from physical infrastructures to social 
communities [19,20]. Successful examples include functional 
(correlation) network approaches [21], to infer hidden statistical 
inter-relationships between macroscopic regions of the human 
brain [22] or the Earth’s climate system [23], difficult to uncover 
with traditional non-linear time series analysis techniques [24]. 
The application of CNT to the design and operation of WDSs 
has attracted a growing number of researchers, because its inherent 
capability of unveiling hidden properties, not grasped by 
traditional analyses or modelling approaches [25]. CNT has been 
adopted for evaluating the topological characteristics and the 
resilience of a system [26], or for expansion strategies [27]. Several 
authors investigated vulnerability-related issues, like node 
vulnerability under cascading failures [28–30], spectral methods to 
establish vulnerability areas [31,32], or for evaluating robustness 
under random or intentional attacks [33]. Other studies focused on 
the analysis of the formation of isolated communities [34], on the 
segmentation of WDSs for the identification of District Metered 
Areas (DMAs) using general metrics and modularity [35,36]. The 
optimal sampling design has also been addressed with the 
modularity concept [37] and through a combination of classical 
optimization and CNT [38]. More recently, Complex Networks 
Theory has been adopted for a systematic classification of WDSs 
[39], and for their optimal design through a tradeoff between 
network cost and reliability, measured in terms of flow entropy 
[40]. 
All such studies have been mainly focused on the topological 
aspects of WDSs, deriving their main characteristics from the 
analysis of the real system. Actually, many hidden properties may 
be uncovered looking at functional or correlation ties between 
nodes, especially when simulation or field data are available. 
3. Methodological Approach 
Starting from a given WDS whose topological, geometrical 
and hydraulic characteristics are known, the simulation model of 
the system can be built. In this work, the software Epanet has been 
adopted, being an open-source and a standard toolkit for such kind 
of numerical analyses [41]. 
The two sets of equations the software solves at the generic 
time tk are the continuity equation for each junction i: 
 ∑ 𝑄𝑖𝑗𝑗 (𝑡𝑘) − 𝐷𝑖(𝑡𝑘) = 0 
and the flow-headloss relationship in every pipe connecting 
junctions i and j: 
 𝐻𝑖(𝑡𝑘) − 𝐻𝑗(𝑡𝑘) = ℎ𝑖𝑗(𝑡𝑘) = 𝑟𝑄𝑖𝑗
𝑛 (𝑡𝑘) + 𝑚𝑄𝑖𝑗
2 (𝑡𝑘) 
where Qij is the flow in pipe ij, Di is the demand at node i, Hi and 
Hj are nodal heads at junctions i and j, hij is the headloss between 
nodes i and j; r, n and m are, respectively, the resistance coefficient, 
the flow exponent and the minor loss coefficient. For each time tk, 
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starting from known heads at the fixed grade junctions (typically, 
reservoirs or tanks), the software uses the gradient method [42] in 
order to solve the set of equations (1) and (2) for determining all 
the heads and flows. Once the head is known at each junction, the 
pressure is directly calculated as the difference between head and 
the elevation of that junction (the velocity head at each junction is 
neglected). 
The simulation model allows to determine the variability of 
pressure, provided a user demand pattern is defined. A pressure 
‘signal’, pi(t), may be associated at each junction i, and the 
correlation coefficient cij between every pair of pressures signals 
at junctions i and j can be calculated. In this paper, the Pearson 












in which tk represents the discretized time of the numerical module, 
T is the number of time steps of the simulated time horizon, and ?̅?𝑖 
is the average pressure at the i-th junction. 
The temporal variability of pressure depends mainly on the 
fluctuation of the customers’ demand: the higher the request of 
water, the lower is the pressure. Usually, distribution systems 
supplying water to residential areas are subjected to an almost 
spatially-uniform user demand. In this way, the temporal 
variability of pressure is very similar at all junctions, and the 
correlation coefficient cij is very close to the value of one. In other 
words, there is a strong linear relationship between pressure at 
junctions, properly described by the (linear) Pearson correlation 
coefficient. 
However, the presence of many tanks or control devices, such 
as pressure regulating valves, inverter of pumps and other 
facilities, may introduce non-linearities in the relationships 
between pressures, and the correlation coefficient may not 
represent an appropriate measure. The more general case, which 
will be evaluated in future research, can be analyzed through non-
linear correlation parameters or, more simply, looking for subsets 
of the considered time horizon for which linear correlations exist 
between pressure signals. 
The methodology starts by creating a similarity matrix in which 
every element cij is the Pearson correlation coefficient between 
real-time measurements of pressure sensors (or pressures 
calculated by the simulation model) at i and j. 
From the similarity matrix, an adjacency matrix representing a 
virtual, undirected complex network may be built (Figure 1). In 
this network, the nodes are the points of measurement and the links 
are created if the correlation coefficient between pressure signals 
is high enough. In other words, if cij is above a chosen threshold, 
θ, the related element aij of the adjacency matrix is 1, and zero 
otherwise (elements in the diagonal are set to zero). 
In an ideal system with no leakages and characterized by a 
spatial uniform demand pattern, that is, the same typology of 
customers’ consumption, there is a strong correlation between 
pressure signals, and the related complex network is heavily 
connected (it is a complete graph). As an example, Figure 1 (left) 
shows the situation in which four sensors are installed at junctions 
3, 9, 28 and 31. In the case of no leakage, the similarity matrix 
presents very high values of correlation coefficients, and the 
adjacency matrix is that typical of a complete graph (Figure 1, top 
right). 
The formation of a leakage starts to ‘break’ correlations among 
the node nearest to the leakage and the others, inducing a 
progressive link removal, depending on the amount of water loss. 
This is due to the fact that only the time-varying flow out of the 
leakage is a function of pressure, with different dynamics from 
customer’s demand. 
 
Figure 1: Difference between similarity matrix, made by Pearson correlation coefficients, cij, and adjacency matrix, in which the value of 0 or 1 assumed by each 
element depends on the threshold chosen for cij (in the example θ = 0.990). In this case, the size of matrices is less than the number of junctions of the water distribution 
system, being equal to the number of installed pressure gages (indicated on the left of the figure). The hypothetical position of a leakage is also shown, together with its 
impact on the matrices and the resulting virtual network. 
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Figure 2: Hanoi WDS adopted for the analyses. Link number and diameter (in mm) are indicated along the pipes. 
If a leakage is formed at the i-th junction of a WDS, the total 
discharge Qi(tk) outflowing at time tk equals the nodal demand, and 
can be expressed as the sum of consumer’s request and pressure-
dependent water loss: 
 𝐷𝑖(𝑡𝑘) = 𝑄𝑖(𝑡𝑘) = 𝛼(𝑡𝑘)𝑞𝑖 + 𝑐[𝑝𝑖(𝑡𝑘)]
𝑢 
in which qi is the average demand at node i, α(tk) is the multiplier 
coefficient characterizing the demand pattern at time tk (Figure 3), 
pi(tk) is the pressure at node i, and c and u are the leakage 
coefficient and the leakage exponent: they determine, respectively, 
the leakage entity and its dependence on the pressure (for an ideal 
leakage of circular shape on a steel pipe, u = 0.5). 
Figure 1 (bottom right) shows the example of a leakage present 
at junction 28: it is easily seen that the values of the correlation 
coefficient in the similarity matrix decrease when the position with 
the leakage is involved in the calculation, giving rise to a less 
connected network. 
The parameter adopted for the identification of the junction in 
which a leakage is forming is the degree centrality: the degree of a 
node represents the number of its nearest neighbors (in other 
words, the number of its connections). For an undirected network 
(as in this case) the column vector of node degrees’ k is given by 
(the symbol 1 represents an all-one column vector): 
 k = (1T A)T = A 1 
in which A is the adjacency matrix [17]. Thus, the junction in 
which the leak is emerging is the one characterized by the lowest 
correlation with respect to all the others, and the related node in the 
complex network has the lowest degree centrality. 
4. Application to a Literature System 
The methodology has been applied to the Hanoi WDS 
(Vietnam), since it represents a well-known literature example 
(Figure 2): it was introduced for the first time by [43] and then 
analyzed by many authors [44]. The model of the main system 
consists of 32 junctions and 34 pipes, organized in three loops (see 
[43] for the data). The numerical simulation model has been used 
to artificially create pressure signals at every junction of the main 
system, where a pressure sensor is considered to be available. 
Figure 3 shows the pattern assumed for customers’ demand: its 
variability is typical of residential consumption, with two peaks 
during the day, respectively in the morning and in the evening, and 
a minimum during the nighttime. The time resolution adopted is 5 
minutes.  
 
Figure 3: Temporal variability of demand multiplier α(tk) in (4), describing 
customers’ demand. 
In Figure 3, the typical oscillations due to the stochastic nature 
of demand are evident. In the present paper, the simple case of 
uniform spatial distribution of demand pattern has been assumed. 
Due to the importance of correctly simulating users’ demand 
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approach adopted by [45,46] appears the most suitable for real-
time analyses. The time variability of pressure in the case of no 
leakage in the system is shown in Figure 4.  
 
Figure 4: Pressure variability over 24 hours for the junctions of Hanoi WDS. 
The results have been obtained by simulations performed with 
Epanet software [39], with a hydraulic time step of 5 minutes and 
a Hazen-Williams roughness coefficient of 130 for all pipes. 
The correlation between signals is evident, and may be 
confirmed by the plot of Figure 5, where the relationship between 
pairs of nodes keeping junction 2 in abscissa are shown. Similar 
results may be plotted for other pairs of junctions. Such behavior 
confirms the validity of linearity assumption between pressures 
 
Figure 5: Correlation plot for pairs of pressures between junction 2 and others 
Figure 6 is a heatmap plot of the global results obtained with 
reference to one leakage in all possible positions, and characterized 
by an average outflow of 5 l/s, which may appear to be large, but 
actually is a relatively small value if compared to the user demand 
at junctions (100 l/s on average). For each column, representing an 
assumed position of a leakage, the figure shows the degree 
centrality of the nodes on a blue-tone basis, i.e., the darkest the 
color, the bigger is the degree of a node. 
 
Figure 6: Heatmap representation of degree centralities when varying the position of one leakage of 5 l/s in Hanoi WDS. Number in columns are the node degrees for a 
fixed leakage position 
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Figure 7: Round plots of virtual correlation networks obtained when varying 
leakage position (nodes 2 to 16). The junction where the leakage is activated is 
drawn at the center of each plot. Thick lines are the links connecting the central 
node to others, while other connections are indicated with thin lines. 
In this way, the lightest cell represents (for each column) the 
node with the least degree centrality, that is, that affected by the 
leakage. This is confirmed by the number indicated in each cell, 
giving the degree centrality. Only simulations with one leakage at 
a time have been considered.It is evident that, in all the cases 
analyzed, the node with the smallest degree is that one in which 
the leakage is present. 
Figure 7 and Figure 8 show round plots of the virtual networks 
in which the node where the leakage is activated is drawn at the 
center. Thick lines represent the connections the central node has 
with others, while thin lines indicate those between other nodes. 
 
Figure 8: Round plots of virtual correlation networks obtained when varying 
leakage position (nodes 17 to 32). The junction where the leakage is activated is 
drawn at the center of each plot. Thick lines are the links connecting the central 
node to others, while other connections are indicated with thin lines. 
For each plot, the number of thick lines is the degree centrality 
of the node with the leakage. Such figures provide a pictorial 
representation of the absence of connections for the central node 
due to the presence of a leakage. In other words, such node is the 
most ‘isolated’ 
5. Application to a real system 
In order to test the reliability of the methodology, it has been 
applied to the western district of Tobruk city, Libya (Figure 9, left). 
  
Figure 9: Left: layout of the city of Tobruk (Libya), and of the western district WDS (right), where the junctions characterized by the highest frequency values reported 
in Figure 10 are also indicated. 
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It covers a surface of 8 km2 and serves a population of 54600 
inhabitants. The average flow supplied is 240 l/s. The model of the 
system includes all the details of the network, and is made of 1139 
junctions and 1621 pipes (Figure 9, right). 
In this case, the performance of the methodology has been 
evaluated as the percentage of success in identifying the junction 
affected by the leakage (or its neighbors, according to a predefined 
tolerance of 200 m, representing the average length of the pipes), 
varying several parameters like threshold, θ, leakage coefficient, c, 
and leakage exponent, u (4). 
Table 1 reports the results obtained for a tolerance distance of 
200 m (in other words, it is considered a good result whenever the 
junction with the smallest degree centrality falls within 200 meters 
from that in which the leakage is activated). It can be observed that, 
independently of the parameters assumed, the rate of success of the 
methodology is around 90%. This is due to the fact that there are 
some junctions having the minimum value of degree centrality 
when leakages are activated at their surroundings.  
To this end, the results in terms of frequency of occurrence of 
the nodes have been analyzed: Figure 10 shows several cases 
obtained with two values of the leakage exponent (u = 0.5; 1.0) and 
five values for the leakage coefficient (c = 0.1,…0.5), which are 
typically encountered in real situations. 
Table 1: Performance indicator (PI) giving the percentage of success of the 
methodology when applied to Tobruk WDS, with varying threshold, θ, leakage 
coefficient, c, and exponent, u. (The threshold number, θ, indicated as 1-10-4 
means 0.9999.) 
θ c u PI (%) 
1-10-4 0.5 0.5 90.34 
1-10-6 0.5 0.5 75.94 
1-10-7 0.1 0.5 86.65 
1-10-6 0.1 0.5 90.61 
1-10-6 0.1 1.0 90.61 
1-10-5 0.1 0.5 88.85 
1-10-5 0.2 0.5 90.17 
1-10-5 0.3 0.5 90.87 
1-10-5 0.4 0.5 91.83 
1-10-5 0.5 0.5 92.01 
1-10-5 0.1 1.0 88.85 
1-10-5 0.2 1.0 90.17 
1-10-5 0.3 1.0 90.87 
1-10-5 0.4 1.0 91.83 
1-10-5 0.5 1.0 92.01 
In an ideal situation, all nodes should be characterized by a 
frequency of one, and the frequency plots would be uniform. 
However, from Figure 10 it can be observed that some of them 
exhibit very high frequency values, indicating that their minimum 
degree centrality occurs not only when a leakage is present there, 
but also when it is activated at several other surrounding junctions. 
When analyzing in more detail the nodes characterized by the 
highest values of frequency, it can be noted that they represent 
particular situations of ‘bottlenecks’ of the WDS (Figure 9, right). 
In these cases, their minimum degree centrality hinders some 
other non-linear property not captured by the linear Pearson 
correlation coefficient, which is still under investigation. 
6. Discussion and Concluding Remarks 
The paper has presented the results of a new methodology 
introduced for the localization of leakages emerging in water 
distribution systems. The main advantage of the approach is that 
it relies only on the measurements of pressure and on cross-
correlations between signals, thus avoiding the need of comparing 
such data with a ‘reference’ (and not well defined) scenario given 
by a simulation model, whose optimal calibration is generally 
very difficult to attain. In this paper, the simulation model has 
been adopted with the only purpose of generating the pressure 
signals. 
The novelty of the research resides in the fact that it analyzes 
pressure measurements through Complex Networks Theory, its 
reliability increasing with the number of installed pressure sensors. 
However, the proposed approach does not represent a final 
solution to the problem of leakage identification, but it has to be 
considered a further support in the process of leakage 
prelocalization, that is, a fast method to assess the integrity of a 
WDS and, eventually, to identify areas where prompt 
interventions should be planned. 
Two test cases have been considered: the first, representing a 
well-known literature system, proved the best performance of the 
methodology in precisely localizing the node where the leakage is 
emerging (which is characterized by the least degree centrality 
with respect to all the others); the second, a real-world network, 
showed a high rate of success (around 90%). The difference 
between the results obtained can be ascribed to the fact that, in the 
first case, only the main transport pipes are included in the model 
(in other words, the model simulates the principal ‘skeleton’ of 
the water distribution system). In the second case, given by a real 
WDS, all the pipes have been modeled, and hence the flows in the 
links may arrange in such a way that the conditions of minimum 
degree centrality do not always occur at the junction where the 
leakage is present, but rather in some other surrounding nodes. 
Actually, this is not a problem in real situations, since water 
managers are interested in quickly identifying the area where the 
leakage is forming. 
Other issues still under investigations are represented by the 
influence on the spatial distribution of demand pattern and the 
presence of several reservoirs and tanks, which actually limit the 
performance of the methodology. In any case, the current trend in 
WDS management is to divide such systems in DMA (District 
Metered Areas), for a better control of water leakages: thus, each 
DMA (which is often supplied by at most one reservoir, or may 
be modeled in such a way through appropriate boundary 
conditions) can be considered as a single system and the proposed 
methodology applied accordingly. 
The requirement of linear correlation between pressure 
variability is fundamental for the success of the methodology. 
However it is only a necessary condition, as proved by the second 
test case, for which the linearity in correlation is not sufficient to 
always guarantee the minimum degree centrality at the node with 
the leakage, hindering some other non-linear property not 
captured by the linear Pearson correlation coefficient. Also this 
issue is currently under investigation. 
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Figure 10: Frequency plots of junction occurrences in minimum degree centrality when varying leakage position and for different values of leakage coefficient, c, and 
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